Background: Previous studies have identified evidence of genetic influence on alcohol use in samples selected to be informative for alcoholism research. However, there are a growing number of genome-wide association studies (GWAS) using samples unselected for alcohol consumption (i.e., selected on other traits and forms of psychopathology), which nevertheless assess consumption as a risk factor. Is it reasonable to expect that genes contributing to variation in alcohol consumption can be identified in such samples?
G ENOME-WIDE ASSOCIATION STUDIES (GWAS) are a powerful new tool for identifying genes influencing common diseases, conditions, and traits (Kingsmore et al., 2008; Lango and Weedon, 2008) . As alcohol consumption is considered to influence risk for many diseases and conditions [e.g., cancer (La Vecchia et al., 2008; Toriola et al., 2008) , low bone density (Berg et al., 2008) , and hypertension (Chen et al., 2008) ], many ongoing GWAS will assess alcohol consumption as a risk factor. Such datasets may offer the possibility of identifying genes and polymorphisms affecting alcohol use.
There is substantial evidence from latent variable genetic approaches using twin samples that genes contribute to variation in alcohol consumption levels. In general, studies find that approximately 30% to 60% of variance in alcohol consumption is influenced by genetic factors (Heath and Martin, 1994) . Linkage and GWAS have also identified chromosomal regions Long et al., 1998; Prescott et al., 2005; Reich et al., 1998; Wyszynski et al., 2003) and genes (Johnson et al., 2006; Uhl et al., 2008 ) associated with alcohol-related traits. However, they have typically used samples ascertained for a family history of substance abuse. Is it therefore reasonable to expect to find similar evidence of genetic influence in samples unselected for problems related to substance use?
A problem with samples unselected for consumption is that low consumption levels may reflect a mixture of biological and social causes, thereby obscuring evidence of genetic influence. Furthermore, in many studies focussed on chronic medical conditions, participants will typically be older, at an age where current drinking patterns may not reflect past heavy use, and recall of lifetime history may be imperfect or unavailable. Nevertheless, characterization of genetic causes of variation in alcohol use in the general population is important.
To explore these issues, the current study used linkage analyses of heaviness of alcohol consumption. The samples examined were ascertained for multiple purposes and included data from some individuals who were assessed on 2 occasions, approximately 8 years apart on average. Thus, we are able to compare linkage results for somewhat younger versus older samples. Will the trend for heavier drinking among younger participants enhance linkage in the sample maximizing data collected at the younger age? Or conversely, will stronger environmental influences on consumption in younger individuals, as suggested by the lower heritabilities found in our younger cohort (Hansell et al., 2008) , dampen linkage signals?
To further assess the effect of having light drinkers in samples (i.e., samples unselected for heaviness of consumption), post hoc analyses will examine the effects of truncating heaviness of consumption by excluding the lowest 10, 20, and 40% of the distribution of consumption. Cultural causes of low consumption will be disproportionately represented in the extreme lower tail of the distribution of consumption and may dampen linkage signals.
Thus, the present study had 3 aims. First, in a sample ascertained for heterogeneous purposes, the aim was to determine whether linkage was confirmed in gene regions previously associated with alcohol-related traits. The second aim was to examine whether linkage is influenced by participant age. Finally, the effect of including light drinkers in analyses was examined by comparing full-sample results with linkage obtained using truncated samples that dropped individuals at the lower end of the consumption distribution. Linkage analyses have some limitations, not least of which is low power to detect linkage for complex traits influenced by multiple genes. Accordingly, evidence of linkage in gene regions with known associations to alcohol-related traits would be a promising finding.
MATERIALS AND METHODS

Sample
The core of this community sample was drawn from the Australian Twin Registry volunteer twin panel, which was formed in 1978 to 1979 and supported by the Australian National Health and Medical Research Council. Multiple collection phases of alcohol-related data ensued over the next 25 years, as described in detail in Hansell and colleagues (2008) . Briefly, data were drawn from 2 phases of collection via mailed questionnaire and 3 subsequent phases of collection through telephone interview. The first mailed questionnaire survey (1988 to 1989) targeted twins born up to and including 1964 and their relatives, while the second (1989 to 1992) targeted twins born from 1964 through 1972 and their relatives. Follow-up telephone interviews, which were adapted from the Semi-Structured Assessment for the Genetics of Alcoholism (Bucholz et al., 1994) , were conducted for both the older twin cohort (1992 to 1993) and the younger twin cohort (1996 to 2000) . The third phase of telephone interviews (2001 to 2005) indexed smokers, drinkers, and controls from the older and younger cohorts. For 53% of our sample, self-reported ancestry for all grandparents was available. Ancestry was predominantly European with 93% having full European ancestry. Of these, 65% had full British and ⁄ or Irish ancestry and 94% had at least 2 grandparents of British and ⁄ or Irish decent.
For the current analyses, both alcohol phenotypes and genotypes suitable for linkage analysis were available for 5,441 individuals (2,110 males and 3,331 females) from 2,134 families. The sample comprised 3,554 twins [including 1,609 complete pairs, of which 95 were monozygotic (MZ)], 1,684 non-twin siblings, and 203 children of twins [including 1 dizygotic (DZ) pair]. The number of quasi-independent sibling pairs (QISPs) in the dataset was 5,067. Lifetime abstainers (i.e., individuals who had never tried alcohol) were excluded from the study and are not included in these sample numbers. Genotyping was available for 1,642 parents (including 599 parental pairs).
As data were collected on more than 1 occasion for some individuals, the composition of the dataset could vary. Two compositions were examined. In both cases, telephone interview data were selected over mailed questionnaire data. Telephone interview data collected on 2 occasions were available for 1,533 individuals, with a mean time between interviews of 8.2 years (SD = 3.1 years, range 1 to 13 years). One dataset maximized data collected from older individuals by selecting the most recent telephone interview data, whereas data from earlier interviews were selected for the alternative dataset, thus maximizing data from younger individuals. Table 1 shows participant numbers and age for the different data collection phases and for each dataset composition. Test-retest correlations for the 1,533 retested individuals were 0.51 for quantity · frequency, 0.48 for quantity, and 0.58 for frequency.
Informed oral consent was received from participants in the first 2 phases of telephone interviews and informed oral and written consent was received from phase 3 telephone interview participants. Ethics approval was received from the institutional review boards [Queensland Institute of Medical Research (QIMR) and Washington University, School of Medicine] appropriate to each study.
Measures
Total alcohol intake, derived from questions regarding the number of drinks consumed in a typical drinking day and drinking frequency (i.e., quantity · frequency), was the primary phenotype of interest. However, its individual quantity and frequency components were also examined. See means with standard deviations and medians in Table S2 .
Quantity. In the mailed questionnaires, quantity was assessed by the item ''On average how many drinks would you have ON EACH DAY THAT YOU HAVE SOME ALCOHOL,'' and responses for weekend days were examined. The phase 1 (older cohort) telephone interview question was ''Think of the times when you've had alcohol during the past 12 months. How many drinks do you typically drink on these days when you had an alcoholic drink?'' For the second (younger cohort) and third (combined cohort) phases of telephone interviews, the question was ''In the past 12 months, how many alcoholic drinks would you have on a typical day when you had any alcoholic drinks?'' In the mailed questionnaires and first phase of telephone interviews, the actual number of drinks was recorded. However, for the second and third phases of telephone interviews, participants were given response choices. Subsequently, all responses were coded into the following categories: 1 = zero drinks, 2 = 1 to 2 drinks, 3 = 3 to 4 drinks, 4 = 5 to 6 drinks, 5 = 7 to 8 drinks, 6 = 9 to 11 drinks, 7 = 12 to 15 drinks, 8 = 16 to 18 drinks, 9 = 19 to 24 drinks, 10 = 25 to 30 drinks, 11 = 31 or more drinks.
Frequency. In the mailed questionnaires, drinking frequency was assessed by the item ''Write in below the number which best describes how often the following people have had alcoholic drinks DURING THE PAST 12 MONTHS.'' The telephone interview question regarding drinking frequency was ''During the past 12 months, how often have you had alcoholic drinks?'' Response choices varied slightly between studies. They were recoded into the following 6 categories that are common to both the telephone interview and earlier mailed questionnaire studies (6 = at least once daily, 5 = 3 to 6 d ⁄ wk, 4 = 1 to 2 d ⁄ wk, 3 = 1 to 3 d ⁄ month, 2 = less often, 1 = never).
The quantity categories were recoded to reflect the number of drinks per day. Similarly, the frequency categories were recoded to reflect a ''times per week'' measure. Thus the quantity · frequency measure reflected the number of drinks per week.
Zygosity Determination and Genotyping
Zygosity was initially determined by self-report questionnaire with standard questions regarding physical similarity and degree to which others could tell co-twins apart. If co-twins gave inconsistent answers, they were followed-up by telephone, and if inconsistency or uncertainty was still apparent, they were asked to send in photographs at various ages, from which a zygosity assignment was made by project staff. Zygosity assignment based on self-report and responses to standard informative questions has been shown to be approximately 97% accurate (Reed et al., 2005) . Subsequently, 347 pairs were genotyped at 9 independent DNA microsatellite polymorphisms plus the sex marker amelogenin using the ABI Profiler PlusT multiplex marker set (AmpFLSTRR Profiler PlusT; Applied Biosystems, Foster City, CA). The probability of dizygotic twins being concordant for both alleles at all of the polymorphic loci examined when using this kit, is reported to be less than 10 )4 (i.e., resulting in 99.99% zygosity certainty) (Nyholt, 2006) . Additionally, most pairs were genotyped, as part of ongoing linkage studies, at a minimum of 20 (maximum of 1,369) microsatellite markers. Only 16 pairs had fewer than 20 markers for 1 or both co-twins and consequently have not had zygosity confirmed through microsatellite genotyping. Of these, 6 pairs have been checked for blood group.
Participants have typically participated in multiple studies, and consequently, genotype data have come from a compilation of microsatellite genome scans performed for 15 different studies at the QIMR. These were conducted at a number of facilities: (1) Sequana Therapeutics, 437 markers; (2) Gemini Genomics, 222 markers; (3) the Marshfield Clinic's Mammalian Genotyping Service, 777 markers (only 393 markers for some studies); (4) the University of Leiden, 430 markers; (5) the Australian Genome Research Facility, 394 markers; and (6) the Finnish Genome Centre, 400 markers. Allowing for overlap between the various sets (most centers used the ABI2 set), there were in total 1,461 unique markers, although no individual was genotyped for all of these. Note that additional markers in these datasets were available, but were excluded due to concerns about unreliability given earlier comparisons of allele calls between the genome scans (Cornes et al., 2005) .
Each individual genome scan was checked prior to inclusion using the following procedure. First, checks for Mendelian errors were performed using the ''pedtool'' software for genetic data manipulation (written by author Scott Gordon). The algorithm used was a modified Lange-Goradia genotype elimination algorithm (see O'Connell and Weeks, 1999) . Counts of errors, both per marker and per family, were used to identify problems either with the marker set, or particular families. Problematic markers (i.e., those producing exceptionally high numbers of Mendelian inconsistencies, or with significant differences in allele frequencies relative to other datasets) were excluded. Second, the heterozygosity of each individual for X-chromosome markers was examined and used to confirm recorded gender. Third, the autosomal markers were used to test the correctness of intrafamily relationships and to test for inter-family relatedness. Version 2 of the program RELPAIR (Epstein et al., 2000) , as well as other software such as GRR (Abecasis et al., 2001) , were used. Fourth, MERLIN (version 0.10.1) was used to identify unlikely recombination events, indicating problems with data such as miscoded pedigree structure. Fifth, the needed alterations to family structure, and deletion ⁄ relabeling of problem samples, were applied and tested by repeating the same procedure.
The various genome scans were integrated using the custom ''pedtool'' software. The input to this integration consisted of (1) the raw data, (2) a list of target markers (those from different genotyping labs were kept distinct), (3) cM positions using an integrated genetic map based on NCBI Build 35.1 (Duffy, 2006) , and (4) a set of data-correction rules, derived from earlier cleaning of the component genome scans, that code for corrections to assumed pedigree structure and the dropping of bad DNA samples.
For each chromosome, all genotypes for that chromosome were merged into a data structure after applying the relevant correction rules. Mendelian inheritance checks were then applied automatically, and error genotypes removed across whole families. These data were then further cleaned using MERLIN. Relationship checks on the merged dataset were also performed to check for problems not detectable from individual genome scans.
For the 5,441 individuals with alcohol phenotypes, the number of unique autosomal markers per individual ranged from 1 to 1,359 (mean = 553.7 ± 232.3, median = 394), with 103 individuals having fewer than 300 markers (65 having fewer than 200, 39 having fewer than 100, and 18 having fewer than 50). Intermarker distances for all chromosomes are reported for this sample in Table S3 (means The datasets differ only for 1,533 individuals for whom telephone interview data were collected on 2 occasions (on average 8 years apart). For these individuals, data collected on the second occasion were included in the older dataset, while data collected on the first occasion were included in the younger dataset. Therefore, differences in linkage results for the 2 datasets are due entirely to data being collected at different ages for this subset of individuals. range 7.0 to 8.9 cM, SD range 2.7 to 3.8, and medians range 6.7 to 10.4 cM). The number of unique autosomal markers for the 1,642 parents ranged from 3 to 1,236 (mean = 490.0 ± 213.9, median = 389), with 91 individuals having fewer than 300 markers. These samples were further checked for genotyping errors using MERLIN (1.0.1) and flagged markers were dropped from the dataset (single markers were dropped for each of 104 participants and 2 markers were dropped for each of 7 participants). Average marker heterozygosity of 75.1% was found using MERLIN (1.0.1) and PEDSTATS (Wigginton and Abecasis, 2005) . This cleaned dataset was the one used for analyses.
Statistical Analyses
Pedigree-wide regression analyses were conducted for the 22 autosomal chromosomes using MERLIN-REGRESS version 1.1.2 . The method, an extension of the HasemanElston procedure (Haseman and Elston, 1972) , implements a regression-based process for linkage analysis using trait-squared sums and differences to predict identity-by-descent sharing between any noninbred relative pairs (Sham et al., 2002) . For allelic regions containing influential genes, greater phenotype similarity (i.e., smaller squared trait differences) is expected for relative pairs with more alleles in common. MERLIN In X (MINX; Abecasis et al., 2002 ) was used to examine linkage for the X chromosome.
Multipoint linkage analyses were examined for the older and younger datasets. The position and order of markers was established using a locally weighted linear regression map (http://www/qimr.edu.au/ davidD) based on NCBI Build 35.1 physical map positions, deCODE and Marshfield maps. Both co-twins from MZ pairs were included in analyses (with zygosity identified), although the MZ relationship per se does not contribute to linkage. The result is similar to including 1 co-twin with phenotypes averaged for the pair. However, including their individual phenotypes makes clear to the model that there are 2 measurements, which provides added confidence. Post hoc linkage analyses examined the effects of truncating heaviness of consumption by excluding the lowest 10, 20, and 40% of the distribution of consumption (exact proportions, based on the quantity · frequency score, were 11.3, 23.3, and 37.3% for the older dataset and 10.9, 23.5, and 38.3% for the younger dataset).
Preliminary analyses were performed using SPSS (version 15.0 for Windows, SPSS Inc., Chicago, IL). Quantity · frequency and quantity were log transformed [log 10 (x + 1)] and frequency was square root transformed (Tabachnick and Fidell, 1989) to correct for positive skew. The effects of sex, age, age 2 , sex · age, and sex · age 2 were examined using stepwise linear regression, with significant terms (p < 0.05) regressed out and residuals used in the linkage analyses (for significant effects, see Table S1 ).
Normalized residuals (i.e., mean 0, variance 1) were used for all variables to facilitate analyses in MERLIN-REGRESS (Sham et al., 2002) . Univariate outliers with z-score values exceeding ± 3.3 (less than 0.1% of the dataset) and bivariate outliers (less than 0.4% of dataset) were excluded from the linkage analyses. Bivariate, or within-family, outliers are defined as sibling pairs, or QISPs, for whom the squared phenotypic difference is much larger than expected from the population correlation. The method used for identifying these outliers is described in detail in Benyamin and colleagues (2008) . For outlying QISPs, data for the individual with the largest deviation from the mean was removed.
RESULTS
The plotted results of univariate multipoint linkage analyses are shown in Fig. 1 for the older and younger datasets for quantity · frequency and for its component parts, quantity and frequency. Linkage is also shown for truncated samples, in which increasing proportions of lighter drinkers were dropped, resulting in samples of approximately 90, 80, and 60% of the full sample. Linkage peaks with likelihood odds ratio (LOD) scores greater than 1.5 are reported in Table 2 .
Quantity · Frequency
This, the primary outcome measure, provided the best linkage results, peaking with a LOD of 3.3 on chromosome 6 at marker SE30 (between D6S344 and D6S470), when using the younger dataset. A less substantial peak (LOD = 2.3) was found in the same region at marker ATA109H09, using the older dataset. In both datasets, this peak declined as lighter drinkers were progressively dropped (see Fig. 2) .
A number of regions of linkage activity were found on chromosome 1 (Fig. 3) . The first peaked with a LOD of 2.2 at marker D1S2697 (between D1S1612 and D1S199), using the younger dataset. This peak declined as an increasing number of lighter drinkers were dropped. All linkage peaks in this region for the older dataset had a LOD of less than 1.0. Activity peaked with a LOD of 2.8 at marker GATA88F03 (between D1S491 at and D1S225), also using the younger dataset. Linkage in this region for the younger dataset increased as lighter drinkers were dropped, with the exception of the most concentrated sample of heavier drinkers, for which no linkage was observed. The older dataset also showed evidence of linkage in this region, peaking with a LOD of 2.2 at the same marker for the sample with 10% of drinkers at the low end of the consumption distribution dropped.
A peak with a LOD of 2.5 was observed on chromosome 3 at marker GATA92B06 for the older dataset in its most truncated form (Fig. 4) . Other small linkage peaks, with LOD scores greater than 1.5, were found in other regions of chromosomes 3 and 6, and on chromosomes 18 and 20.
Quantity
The most notable peak for quantity, with a LOD of 2.7, was found on chromosome 3 at D3S1267 (between D3S2460 and D3S1292) using the older dataset (Fig. 4) . Linkage was maximized in the full sample, while the most concentrated sample peaked nearby with a LOD of 1.7 at ATA85B10. Peak LOD scores for the intermediate samples ranged from 0.7 to 1.1. In the same region, peaks with LOD scores ranging from 0.5 to 1.2 were found for the younger dataset.
In the younger dataset, a peak with a LOD of 2.1 was found on chromosome 1 at marker D1S2667 (between D2S1612 and D1S199). This peak was maximal for the sample containing fewest light drinkers and declined as more light drinkers were included in the sample. No linkage was found when analyzing the older dataset. Also in the younger dataset, a LOD of 2.05 was found on the X chromosome at marker DXS6800 (between DXS8029 and DXS6789). This peak was maximal for the full sample and decreased as increasing numbers of light drinkers were dropped from the sample. A small peak (LOD = 1.4) was also found using the older dataset, full sample. In addition, a minor peak, with a LOD of 1.6, was found on chromosome 6 at ATA28B11, using the older dataset and reduced light drinkers.
Frequency
Peaks found for frequency echoed those found for quantity · frequency on chromosomes 1 and 6. Further, a minor peak (LOD = 1.7) was found in the same region on chromosome 3 (GATA152F04) as the best peak for quantity, using the older dataset and the full distribution of drinkers (Fig. 4) .
A linkage peak with a LOD of 2.5 was found on chromosome 5 at marker GATA141B10, for the older dataset in its most truncated form, with declining peaks as larger numbers of light drinkers were included in analyses (Fig. 5) . In addition, a series of peaks were found on chromosome 20, particularly for the younger dataset, as reported in Table 2 . Further, minor peaks with LOD scores greater than 1.5 were also found on chromosomes 12, 18, 19, and 21.
DISCUSSION
Our study took an exploratory approach to examine the feasibility of identifying genes influencing alcohol consumption in samples selected for heterogeneous purposes. A number Notes: Chr, chromosome; Q · F, quantity · frequency; p-values are derived from multipoint analyses (i.e., they are not corrected for multiple testing), and LOD scores >2.0 are shown in bold.
of linkage peaks with LOD scores greater than 2.0, and peaking at 3.3, were found in candidate gene regions for alcohol-related traits. Peaks were found to vary for the same sample when data collected at different time points (with a mean interval of 8 years) were used for a subset of the sample. Further, linkage varied as lighter drinkers were progressively excluded from the dataset being analyzed. Thus, plausible linkage for alcohol consumption can be identified in samples selected for heterogeneous purposes, but sample characteristics can have a substantial influence on the strength of the finding.
Linkage peaks with LOD scores greater than 2.0 were found on chromosomes 1p, 1q, 3q, 5q, 6p, 20p, and Xq. The major peaks, with the exception of those found on 20p and Xq, were found in regions where previous studies have reported linkage for alcohol-related traits (see Table 3 ), with our best finding confirming linkage reported for chromosome 6 by Hill and colleagues (2004) . Similarly, a number of smaller linkage peaks on 12q and 21q (with LOD scores between 1.5 and 2.0), were found to be in regions previously associated with measures of alcohol dependence (Ma et al., 2005) . In contrast to this study, the earlier studies examined samples selected for family history of drinking problems, with most utilizing data from the Collaborative Study on the Genetics of Alcoholism sample (Agrawal et al., 2007; de Andrade et al., 2005; Dick et al., 2002; Ma et al., 2005) . As shown in Table 3 , proposed candidate genes for alcoholism (e.g., AGT, CARTPT, OPRD1, PIK3R1, and PDYN) can be found in the regions of interest.
Some linkage peaks detected in previous studies have coincided with candidate genes, most obviously with the c-aminobutyric acid receptor and alcohol dehydrogenase genes on chromosome 4. Results from multiple association studies from our own laboratory (Macgregor et al., 2009 ) and others (Edenberg, 2007; Edenberg et al., 2004) , particularly on the ADH1B and GABRA2 genes, confirm that variation in these regions does affect alcohol consumption and dependence risk. Our largest linkage peaks on chromosome 4 were around 1.0 for frequency. One may therefore ask why more substantial linkage to these regions was not found in our study. The likely reason is that the proportion of variance in consumption explained by polymorphisms in these genes is small, probably only a few percent, and so the power of even quite large linkage studies to detect these loci will be low. With low power, some studies will find significant or nearsignificant linkage and others will not. In addition, some of our negative findings may be due to uneven marker distribution leading to gaps in coverage.
In general, linkage found in the current study was stronger when the dataset maximized data collected at a younger age, as was the case for peaks on 1p and 6p for quantity · frequency. This supported the proposal that the trend for heavier drinking among younger individuals could enhance linkage for consumption. However, peaks found on 3q (quantity) and 5q (frequency) were maximal for the dataset maximizing data collected at an older age. These results suggest that factors under genetic control, which influence drinking habits, may change as people age, although previous analyses suggest that heritability itself is stable over periods of approximately 5 to 10 years (Hansell et al., 2008) . Nonetheless, our earlier analyses also showed consumption to be less heritable in a younger versus older cohort (23 to 39 years vs. 28 to 90 years), consistent with other findings (Carmelli et al., 1993) , and consistent with the view that environmental and genetic influences on consumption may change over time.
Linkage results were also found to vary when comparing the full sample to truncated samples in which varying proportions of light drinkers were dropped. Linkage that is maximal in the full sample, and drops as the sample is reduced, is consistent with the influence of genes influencing consumption in all individuals or with decreased power to detect linkage in the smaller subsamples. In contrast, linkage that is maximal in a subsample, by definition, suggests the influence of genes that are expressed only in a proportion of the population. Both modes of influence were in evidence, for example, with linkage maximized in the larger samples on 1p and 6p for quantity · frequency and for a subsample on 5q for frequency.
Convergent findings suggest that the current analyses were successful in identifying chromosomal regions containing genes contributing to variation in alcohol consumption traits. However, the study had insufficient power to identify significant linkage. This problem is exacerbated by the issue of multiple testing. A further limitation is the not inconsiderable number of previously reported linkage results, covering virtually all chromosomes, which would increase the likelihood of chance convergence. Accordingly, the results require confirmation by demonstration of genetic association for plausible genes under the suggestive linkage peaks. Confirmation by demonstration of genetic association is also necessary as linkage and GWAS employ different methods, which usually produce different results. Nonetheless, the results of the current study are encouraging for the use of datasets collected for other purposes in ongoing GWAS to identify genes that may contribute to individual differences in alcohol consumption behaviors. Further, the growing trend for large metaanalyses may hold the key to positive findings in the future.
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